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Left: automaticvisualizationof atooth. To theright: interactive selectionof dentin,dentinboundaryenameboundaryenamelandnene cavity.
Eachfeatureis selectedy pointingandclicking atthe correspondingdpigh-lightedregion in thetransferfunctionbelov eachimage.

Abstract

Multi-dimensionakransferfunctionsare an ef cient wayto visualizefeatuesin scalarvolumedataproducedby
CTor MRI scannes. However, theoptimaltransferfunctionis dif cult to nd in geneal. We presenian automatic
yetpowerfulmethodor theautomaticsetupof multi-dimensionatransferfunctionsby addingspatialinformation
to the histagram of a volume Using this informationwe can easily classifythe histagram and derive a transfer
functionby assigninguniquecolors to ead classof the histagram.

Each featue can be selectedinteractively by pointing and clicking at the correspondingclassin the transfer
function. In order to renderthe classi ed volumewith adequatequality we proposean extensionof the well-
knownpre-integrationtechnique Furthermoe, wedemonstatethe e xibility of our approach by giving examples
for theimaging of sggmenteddiffusion-tensoand multi-modaldata.

Catagories and SubjectDescriptors(accordingto ACM CCS) 1.3.7 [Computer Graphics]: Three-Dimensional
GraphicsandRealism

1. Intr oduction and Previous Work (MRI). In comparisorio thedisplayof cross-sectionghich

are still the standardvisualizationtool in clinical practice,
themainproblemof directvolumerenderings thatfeatures
mayoccludeeachother Thereforetheef ciency andaccep-

Directvolumerenderingechnique$Rez00]arewidely used
for the display of medicalvolume datageneratedy com-
puted tomograply (CT) or magnetic resonanceimaging
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tanceof directvolumerenderingtechniqueslepend®n the
ability to isolatea speci c feature.

For this purposeclipping methodseitherapplyaclipping
plane,a volume manipulator[MLBO03] or a voxelized clip
geometry{WEE02,RGWEO03 to cut away occludingmate-
rial.

Sincea CT or MRI scannergenerates scalarvolume,
transferfunctions]WM92, Max95]areneededo assigrspe-
ci ¢ colorsandopacitiesto therangeof scalarvalues Man-
ually steerednethoddor the setupof transferfunctionsgive
feedbackabouta region of interestin the volumein order
to nd thecorrespondingegion in the domainof the trans-
fer function [KKHO1, HMO3]. Then a speci ¢ featurecan
be emphasizethy addingemissionandopacityto the corre-
spondingregion of thetransferfunction.

Anothermanualapproachs the generatiorof avariety of
randomtransferfunctions.Thenthe userselectghetransfer
function which yields the bestresult. This procedureis re-
peateduntil the transferfunction corvergesagainsta useful
setup[HHKP96, MAB 97].

Semi-automaticsetup methodsanalyzestatistical prop-
erties to identify interestingregions. The contour spec-
trum [BPS97] for example locatesscalarvalueswhich cor
respondo uniquelyshapedso surfacegLC87], sothatthe
usercan selectan appropriateiso value. Other approaches
automaticallyadaptthe opacityfunctionto make uninterest-
ing regions more transparenthan regions with high infor-
mationcontenfKD98, TLMMO02, PMO04.

1.1. Multi-dimensional Transfer Functions

A fundamentatiravbackof transferfunctionbasednethods
is thefactthatthemappingirom thedomainof thevolumeto
thedomainof thetransferfunctionis injective. Thereforethe
separatiorof featureswith the samestatisticalpropertiess
impossible For example tissuecanbe separatedrom bone
in CT scansbut asinglebonecannoteseparateérom other
bones.

The exibility of transferfunctions hasbeenimproved
by the introduction of multi-dimensionaltransfer func-
tions[KD98]. Thesedo not only dependon the scalarfunc-
tion but also considerits higher order deriatives. This al-
lowsfor betterfeaturelocalizationin thedomainof thetrans-
fer function.

The most widely-usedtype are two-dimensionaltrans-
fer functions (e.g. 2D opacity maps) which depend
on the scalar value and the gradient magnitude. Ten-
dimensionaltypes [TM03] and curvature basedtransfer
functions]HKG00, KWTMO03] have alsobeendescribedre-
cently

1.2. Transfer Function Setup

Onthe onehand,multi-dimensionatransferfunctionsoffer
moredegreesof freedomto maskcertainpropertiesthana
standardransferfunction. On the otherhandthey arealso
moredif cult to setupby the user Therefore the actualre-
searchis concentratingon automaticmethodsto easethis
setupprocess.

Due to the inclusion of the gradientmagnitude material
boundarieganbevisualizedwith 2D opacitymaps.Thema-
terial boundariexorrespondo arcsin the two-dimensional
histogramor scattemplot which connecthefootprintsof the
materials(compardeft imagesn Figurel).

In practice,however, thesearcscanbe moreor lesspro-
nouncedor evenindistinguishableThis mainly dependon
theimagingquality of thescannerReconstructio@ndquan-
tizationartifactsof the CT scannelandthe densitydistribu-
tion of the scannedbjectalsohave a greatin uence onthe
shapeof thearcs.

A goodstrat@y to achieze ameaningfulisualizationis to
markthetop of thearcswith differentcolors.If thearcsare
not well de ned it is thereforechallengingto nd a mean-
ingful transferfunctionsetup.

This is especiallytrue for MRI scansAs a fundamental
propertyanMRI scannecannotdistinguishbetweerair and
bone.Thus,the histogramusuallyshavs only onelarge un-
pronouncedarch betweenthe footprints of waterand non-
water bearingmaterial.In sucha casethe setupof a two-
dimensionatransferfunctionrequiresa high degreeof prac-
tical knowledge sincethe distribution of scalarvaluesand
gradientdn thescattemplot providesonly very few cluesfor
the separatiorof features.

In otherwords,theability to isolatea featurein thetrans-
fer functiondomaindependon hov mucha featureshares
its statisticalfootprintin the histogramwith otherfeatures.
If thereis anoverlapin thedistribution of two featureghey
cannotbe separated¢ompletely

1.3. Segmentation

In orderto circumvent this fundamentarestriction,an ex-
plicit sgmentatiomeedso be performedon thedomainof
the volume. A variety of segmentationalgorithms[GWO01]
have beendevelopedfor a broadrangeof applicationareas.
Most algorithmsarebasedon aregion growing or diffusion
process.

Although hardware-acceleratedmethods have been
presentedrecently [VKG03, SHNO3 HBHO3], processing
timesarestill too slow for the purposeof interacte explo-
ration.For thisreasonsegmentatiormethodsareusuallynot
utilized to give a quick rst impressiorof a datasetThisis
still thedomainof transferfunctionbasedmethods.
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2. Spatialized Transfer Functions

In this paperwe presenta nev andfastmethodfor the au-
tomatic setupof multi-dimensionaltransferfunctions.Our
stratgy is describedasfollows: we do not try to identify a
single speci ¢ featurebecausehis may not be possibleat
all with transferfunctions.We ratherautomaticallyseparate
asmary featuresaspossibleusingwhatwe call spatialized
transferfunctions(STF).

As the next step, a speci c tamget feature can be iso-
latedinteractvely by removing all thefeaturefromthe STF
which do notincludethetamget. Thenthis scenarids anex-
cellentstartingpoint for furtherexplorationor sggmentation
asdescribedn Sectior4.

2.1. BasicPrinciple

At the IEEE Visualization2001 conferenceG. Kindlmann
notedin histutorial[Kin01] that“histograms/scatterploen-
tirely loosespatialinformation” andasledif therewould be
“any wayto keepsomeof it?”. Spatialinformationis impor
tant,because featureby de nition is a spatiallyconnected
regionin thevolumedomainwith auniquepositionandcer
tain statisticalproperties.If we only usethe statisticalin-
formationof the scattemplot we effectively ignorethe most
importantpartof afeaturegde nition.

A naive approactto enrichtransferfunctionswith spatial
informationwould be to usea 5D transferfunctiondepend-
ing on the scalarvalues,gradients andthe volume coordi-
natesx, y andz. However, sucha high-dimensionatransfer
function would be even more dif cult to setupthana 2D
transferfunction.

At this pointwe would lik e to recallthatthe standarcro-
cedureto separatdeaturesmanuallyis to maskthe opacity
at interestingregionsandto give distinct featuresdifferent
colors.Ontheonehand,interestingregionsbasicallyarere-
gionswith ahighgradientin thescatteiplot, sothestatistical
informationin the histogramis suitablefor the setupof the
opacity Ontheotherhand distinctfeaturesby de nition are
distinguishedby their positionin space sowe needto use
thespatialinformationfor the setupof thecolorin thetrans-
fer function. As a result,we do not requirea 5D transfer
function,but themissingthreedimensiongorrespondo the
RGB color channelf astandardD transferfunction.

In general,we saythat a spatializedtransferfunctionis
aone-or more-dimensionaransferfunction, wherespatial
informationhasbeenusedo derive thecolor, whereastatis-
tical (and/orspatialinformation)is usedto setupthe opacity
In thefollowing sectionwe describeanautomaticsetuppro-
cedurefor this type of transferfunction.

2.2. Automatic Transfer Function Setup

Asthe rst stepwedescribeéheautomaticsetupof theopac-
ity valuesof a 2D transferfunction. Let cg > 0 be a con-
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Figure 1: 2D Histogramsbasedon scalar valueson the x-
axis and gradientson the y-axis (left) and corresponding
spatializedtransferfunctionsfor r = 0:1 (right). In the bot-
tom row noise has beensmoothedout by using two-times
supersamplinganda k-neighborhoodvith k = 2.

stantde ning the global opacity thenthe opacityof theen-
try F(s;t) of the transferfunction with s 2 [0; 1] beingthe
normalizedscalarvalueandt 2 [0; 1] beingthe normalized
gradientmagnitudds Fa(s;t) = tca.

This has the effect that we blend out uninterestingre-
gionswith low gradientandemphasizeéhe materialbound-
arieswith high gradients.This is also known as gradient
weighted rendering. More advancedopacity setup meth-
0ds[KD98, PM04] couldalsobeused.

As the secondstep,the separatiorof the featuresis per
formedusingthe color channebf the 2D transfer As amat-
ter of fact, a featureis uniquely determinecby its position
in spaceThus,weneedto nd amappingwhichtransforms
uniquefeaturesn spacedo uniquecolorsin thetransferfunc-
tion. In particular we would lik e to assignthe samecolor to
all entriesin the transferfunction which mapto almostthe
samepositionin thevolumedomain.

A mappingwith the desiredpropertieds describedn the
following. Let pi(s;t), i = 1::n, bethe normalizedpositions
of the n contrikuting voxels of the entry H(s;t) = n of the
histogram,let b(s;t) = r—l] &L 1 pi(s;it) be the barycenterof
thevoxels,let v(s;t) = %éi”: 1ipi(sit) b(st)jj bethespa-
tial varianceof thevoxelsandlet r be the maximumradius
of thefeaturego be detectedThe barycenterandthe vari-
ancearecomputedoncefor eachvolumein a preprocessing

step.

If we startwith a referencetuple Top = (s;t) all othertu-
plesT with jjb(T) b(Tp)jj < r belongto the samefeature,
assumedhatthe variancev(T) of thetuplesis sufciently
small. With increasingvariancev(T) the relationshipbe-
tweenthe barycenterd(T) andthe real location of a fea-
tureis becomingmoreandmoreimprecise gspeciallyif the
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spatialvarianceexceedsthe featureradiusr. However, the
distancenorm
N(T;To) = jib(T)  b(To)ij + jv(To)  W(T)j
is a reliable measurefor spatial correspondencethat is
whetheror not a tuple T belongsto the samefeatureas
thereferenceuple To. Basedon this normN(T; Tg) we now
classifyall entriesof the transferfunction into groupsthat
belongto the samefeature(asfar aswe cantell without per
forminganexplicit time consumingsegmentation)Let ce be
aconstantvhichde nestheglobalemissiorandlet Crggbe
a RGB color triple with randomhuevalue,theneachgroup
entry T is giventhefollowing emission:
8T:N(T;To)<r;, Fe(T):= CrarCe

For simplicity we startwith thereferenceuplewhich has
the highesthistogramcount. Then we computeall entries
which belongto the samegroupasthe referenceuple and
assigna speci ¢ colorto all theseentries.This proceduréas
repeatedor the remainingentriesuntil the classi cationis
complete.

As anexample,the color channelF, of thetransferfunc-
tion for r = 0:1 of the Tooth datase{PLB 01] is shavn in
Figure 1. On the top left the original 2D histogramis de-
picted.Onthetopright theintensitypeaksof the scatteplot
areclearly broken down in uniquely coloredregionswhich
correspondo differenttooth materialsandtheir respectre
boundaries.

An automaticvisualizationof the Tooth datasetisingthe
STFisshavnin theleftmostimageof theTeaserThedentin,
the enameland the boundarybetweenthe two materials
are coloredautomatically The only parametewe needto
choosemanuallyis the maximumfeatureradiusr (andonce
for eachdatasethe global opacityc, andthe global emis-
sioncg).

We usually startwith a moderatelylarge featureradius
andslowly decreas¢heradiusuntil thedesiredfeaturescan
beseparateérom eachother In ourexperimentsaradiusbe-
tween0.05and0.25wasa goodchoice.Note thatthe com-
plex shapeof the classesare detectedautomaticallyusing
the spatialinformationin the histogram Without the aid of
the the STF the exact shapeis almostimpossibleto setup
manually

2.3. Interactive Exploration

For further explorationwe cannow point andclick into the
histogramto selecta speci ¢ class.Thenthe corresponding
featureis displayedby settingthe emissionof theremaining
classedo zero.In the Teasethis interactive processs illus-
tratedby high-lightingthe mostimportantfeatureclasse of
the Toothdataset.

Using the describedspatializationof a transferfunction
we effectively performa segmentatioron the domainof the
transferfunction. The main advantageof this approachis
thatwe do not needto performan explicit time-consuming
segmentationof the volumedomain.If the featureradiusis
changednteractvely we only needto reclassifyall entries
in thetransferfunction.Sincewe donotneedo reprocessll
voxelsexplicitely, thetotalupdateimeincludingaredrawv of
thevolumeis well belov aquarterof asecondonaPCwith
AMD Athlon 1GHzandNVIDIA GeForceFX5800Ultra).

2.4. Pseudo-Shading

In orderto enhancehe discriminationof features,it turns
out thatwe canoptionally apply a simpletechniquewhich
we call pseudo-shading.

At the boundaryof an objectthe scalarvaluesquickly
dropto zero.If we decreas¢he emissionfor the lowestoc-
curring scalarvaluesof the object,the featuressilhouetteis
rendereddark, sincethe accumulatedpacitybecomegpre-
dominantover the emission.This effectively simulatesthe
appearancef aheadlight. In thecontet of the STFwe im-
plemenfpseudo-shadinigy rst determininghescalarange
of eachclass.The we attenuatehe emissionof eachclass
usingalinearrampover its scalarange.

Figure 2: STF based visualization of the Bonsai #1
dataset[Roe04] using pseudo-shadingThe leaves(green)
and the trunk (brown) have beenselectedby high-lighting
thecorrespondinglassesn the STE

As anexample theBonsaidatasefRoe04]hasbeenvisu-
alizedwith pseudo-shadingn Figure2. The leavesandthe
trunk were selectedby pointing and clicking at the corre-
spondinghigh-lightedclassesn the STF asdepictedat the
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bottom of the gure. For eachselectedclassthe emission
wasattenuatedinearly which leadto the shadedppearance
of thebonsai.

2.5. Reduction of Noise

For themostprominentpeaksn thehistogranmthehistogram
distributionis sufciently smoothBut usuallytherealsoex-

ist underrepresentetkgions where the histogramis very
noisy. If the numberof voxels per histogramentry is very
low (e.g.below 5-10voxels),avalid classi cationcannotbe
made In sucha casethe opacityof theseentriesneedso be
setto zero.

In orderto enablea correctclassi cationthroughoutthe
entire rangeof the histogramwe needto reducethe noise
by addingmoresamplego the histogramFirst, we increase
the numberof samplesby performingsupersampling.For
example two-timessupersamplingincreaseshe numberof
samplesn thehistogramby afactorof eight.In ourpractical
tests however, thiswasnotfully sufcient, sowe tried four-
timessupersampling.This resultedn a sufcient reduction
of the noisebut the preprocessingime wasalsoincreased
dramatically sincea hugenumberof trilinear interpolations
hadto be performed.

As an alternatve, we may add each voxel to a k-
neighborhoodn the histogram,since coherentregions in
thevolumetranslateo coherentegionsin thetransferfunc-
tion. A k neighborhoodwith k = 1 increaseghe number
of samplesby a factorof 9. Usingbotha k neighborhood
with k= 2 andtwo-timessupersampling,noisyregionsare
smoothedout well, while at the sametime the numberof
trilinear interpolationsis kept reasonablesmall. The noise
reductionandthe correspondingmprovementof the classi-
cation is demonstrate¢h Figurel. Thetop row shavsthe
original noisy histogramand the bottomrow the smoothed
version.

3. Implementation

In orderto display a regular scalarvolume we usea 3D
texture basedapproachwith view-port aligned slices. We
alsoapply the pre-intgyrationtechniguelMHC90, RKEOQ]
to achieve high-qualityvolumevisualizationsThis has rst

beendemonstratedby Engel et al. [EKEO1] for 1D trans-
fer functions using a 2D pre-intgyration table. More re-
cently, pre-intggratedshadingiMGS02,LWMO04] hasbeen
proposedsanextensionto allow high-qualityvolumelight-
ing.

In the caseof 2D transferfunctions,however, it is unclear
how to applythe pre-integrationtechniguesincethis would
requirea4D pre-intgyrationtable.Knissetal. [KPI 03] pro-
posedto usea specialtype of 2D transferfunction repre-
sentatiorbasedon the sumof Gaussiansyhich canbe pre-
integratedanalyticallyin the texture shaderFor spatialized
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2D transferfunctions,however, this solutionis not feasible,
since STF cannotbe approximatedef ciently by a sum of
Gaussians.

Figure 3: Bene t of pre-integrating along the scalar axis of
2D transferfunctions.A pre-integrated visualizationof the
Neaghip datasefRoe04]is shownon theleft. Highestgradi-
entsare depictedn yellow Ontheright slicing artifactsare
clearly visiblewhich are dueto disabledpre-integration.

Instead,we choosea ratherpragmaticapproachsincea
four-dimensionalpre-intgration tableis infeasiblewe use
a three-dimensionaiablewhereeachslice containsthe 2D
pre-intgrationtablefor a constangradientmagnitudeThis
simpli cation is valid sincethe highestfrequenciesof the
rayintegralcomefrom highfrequenciesllongthescalaraxis
of the 2D transferfunction. Along the gradientaxisthe fre-
guenciesreusuallylower, sothatwe mayassumeconstant
gradientfor eachray segment.Figure 3 shaws the effect of
thisapproach.

4. Practical Applications

In theprevioussectionsyve demonstratethatthespatializa-
tion of transferfunctionsis a powerful methodfor the auto-
matic setupof multi-dimensionaktransferfunctions.In this
sectionwe substantiatehis by giving a variety of practical
examples.

4.1. STF Guided Segmentation

Our rst practicalexampleis theapplicationof spatialization
to sggmentation:As mentionedpreviously, the ability to lo-
catefeaturedn the STFis limited by theinjective mapping.
While the Tooth and the Bonsaidatasethave few injective
regions,otherdatasetsnayrequireanexplicit sggmentation.
Butif aspeci c featureis notdirectlylocalizablein the STF,
this is often dueto the factthatit is only oneout of mary
similar objectswith the samematerialpropertiesThis case
is often encounteredn medicalimaging, where,for exam-
ple, bonefracturesneedto be analyzedWhile the different
partsof the fractureare not separablen the transferfunc-
tion, thecompletebonestructuras verywell distinguishable
from othermaterialdik e tissue fat or muscles.
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Figure 4: STFguidedsegmentationof the Carp. In theleft

image the boneswere selectedn the STF (the skin is ad-

ditionally shownin white). Thenthe Carp was seggmented
by performingregion growing on the selectedparts. Each

segmentis givena randomhuevalue After that the orange

spinesegmentwas picked and emphasizedAs a result,the

spineprotrusionis clearly visible Otherwiset wouldbeob-

scuredbytheheadbones.

Ourproposafor theseparateisualizationof multiple ob-
jectswith the samecharacteristicss to rst to selectall ob-
jectsin the STE Thenthe selectedbjectsarecharacterized
by a non-zeroopacityentry in the transferfunction. There-
fore we can obtain a sggmentationby performing region
growing on the voxels with non-zeroopacity This hasthe
effectthatthe objectsarebrokendown into individual com-
ponentsaccordingto their spatialconnecwity. This special
type of sggmentationwhich we call STF guidedsegmenta-
tion is extremelyfast,sincefor eachvoxel only onelookup
into the 2D opacitymapis required.

Eachdetectedsggmentis assignech uniqguerandomtag
which determineshehuevalueof the sggment.Now we can
click into the renderview and selecta segmentby its hue
value, just aswe clicked into the STF to selectfeaturesby
their color. An exampleis givenin Figure4 wherethe spine
protrusionof the Carpdatasehasbeenmadevisible.

4.2. Visualization of Aneurysms

Our secondpracticalexampleis the semi-automaticetec-
tion of aneurysmén CT angiograpi data(CTA): In our ex-

amplethe aneurysmis the smallred blob in the middle of

thebrainasdepictedn thetop left imageof Figure5. It cor

respondgo thetiny red spotat the bottomof the STE The
smallbrown protrusionabove the red spotmapsto theinte-
rior of the arteriain the brain. Without the aid of the STF it

takessometime to locatethis redspot,because¢he slightest
offsetalsoselectghearteria.Usingthe STFthe shapeof the
spotis foundautomaticallyandthe aneurysntanbevisual-
izedjustby clicking atit. We testeda varietyof angiograpk

datasetsvith aneurysmsln all casesthe aneurysnwasin-

stantlyvisible asa smallcharacteristispotin the STE

4.3. Impr oved Magnetic Resonancdmaging

Our third practicalexampleis theimproved visualizationof
brainMRI data:Here,oneprincipalproblemis thattheskull
is picturedverybadly, sinceit mapsto almostthesamescalar
valuesasair. The sameproblemarisedor thebrain,because
it hassimilar propertiesas skin andtissue.Soit is usually
very challengingto visualize both the skull and the brain
separatedrom other tissue.But if we do not usea stan-
dard 2D transferfunction (scalarvaluesand gradients)but
a transferfunction basedon both the T1-weightedandthe
proton-density-weightedesponseof the MRI scannerwe
getamuchbetterresult:in the STFtwo regionswhich map
to the skull andthe brain quite clearly standout. In the top
right imagein Figure5 thesetwo regions have beenhigh-
lighted (x-axis = T1, y-axis = PD). Using the STF is not
aimedasareplacementor arealbrainsggmentatiorbut it is
a cornvenientway to displaythe brain andthe skull without
mucheffort.

4.4, Diffusion Tensorlmaging

Our fourth practicalexampleis the visualizationof nerne
pathwaysusingdiffusiontensorimaging: The standardoro-
cedureto visualizethe nene pathwaysin a DTI scanis to
trace path lines alongthe largesteigervector of the tensor
eld. The pathways are discriminatedfrom nene cells by
consideringthe so-calledfractional anisotroy of the dif-
fusion tensor High anisotroy valuesare characteristidor
the pathways (white matter),whereamene cells have low
anisotroy (grey matter). We use a 2D transfer function
basednboththescalarvaluesandthefractionalanisotrop.
Here,the pathways correspondo a characteristiagegion in
the uppermiddle of the transferfunction. This canbe seen
in the bottomleft imageof Figure5. Anothercharacteristic
region is the ventriclein the lower right areaof the transfer
function.

4.5. Registered Multi-Modal Imaging

Our fth practicalexampleis the visualizationof registered
multi-modaldata:In medicalimagingtumorsoften have to
be visualized.For this purposeit is not sufcient to aquire
MRI dataalonein orderto seethetumor. Dueto therequire-
mentsof sumgical planningthe skull mustalso be visible.
Thus,a CT scanneedsto be madeand registeredwith the
MRI data.This is usually the startingpoint for an explicit
segmentationbasedon both the two multi-modal datasets.
Using a 2D transferfunction basedon the two scanmodes
we caninstantlyselectthe tumorandthe surroundingoone.
The tumor correspondso the tiny yellow spotwhereashe
skull correspondso a large greenareaasshown in the bot-
tomrightimagein Figure5.

In summarythe STFis avery convenientmeango visu-
alize featuredn scalar diffusiontensoror multi-modalvol-
umedata.lf afeaturehasa characteristidoot print in the
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Figure 5: STFexamplevisualizationsfrom top left to bot-
tomright: visualizationof an aneurysm(CTA), sepaation
of brain and skull (MRI/T1+PD), identi cation of nerve
pathways(DTI/MRI+FA), visualizationof tumor and skull
(CT+MRI).

domainof thetransferfunction,thefeaturecanbedisplayed
very quickly by selectinghecorrespondinglassin theSTFE
This hasbeenshavn to work remarkablywell in avariety of
medicalsetups.

5. Conclusion

In this paperwe have shovn how to include spatialinfor-
mationinto multi-dimensionatltransferfunctions. This has
enabledusto comeup with an automatictransferfunction
setupschemeThe displayof speci c featureds very natu-
ralin thiscontet: we canselecfeaturegustby pointingand
clicking into the 2D histogram We have alsogivenavariety
of examplegthatunderlinethe applicability of our approach
to abroadrangeof issuesn medicalvisualization.
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